International Journal of Research and Applied Innovations (IJRAI)

| ISSN: 2455-1864 | www.ijrai.com | editor@ijrai.com | A Bimonthly, Scholarly and Peer-Reviewed Journal |

|IVolume 8, Issue 6, September-October 2025||

DOI:10.15662/1JRAI.2025.0806002

Federated Multi-Modal Learning for Smart
Healthcare Systems

Priti Vijay Patel

Baderia Global Institute of Engineering and Management, Jabalpur, Madhya Pradesh, India

ABSTRACT: The integration of Federated Learning (FL) with multi-modal data sources has emerged as a promising
approach to enhance the capabilities of smart healthcare systems. Traditional centralized machine learning models often
face challenges related to data privacy, security, and the heterogeneity of healthcare data. FL addresses these issues by
enabling collaborative model training across decentralized devices without the need to share raw data. When combined
with multi-modal data—such as electronic health records (EHRs), medical imaging, and wearable sensor data—FL can
provide more comprehensive and accurate healthcare insights.ResearchGateMDPI+1

This paper explores the application of federated multi-modal learning in smart healthcare systems, focusing on its
potential to improve diagnostic accuracy, personalized treatment, and patient monitoring. We discuss various
methodologies employed in this domain, including the use of convolutional neural networks (CNNs), recurrent neural
networks (RNNs), and attention mechanisms to process and integrate diverse data modalities. Additionally, we examine
the challenges associated with modality heterogeneity, data imbalance, and communication efficiency in federated
settings.

Through a comprehensive review of existing literature, we highlight the advantages of federated multi-modal learning,
such as enhanced privacy preservation, scalability, and the ability to leverage data from multiple institutions. However,
we also address the limitations, including the complexity of model aggregation, potential biases in data distribution, and
the need for robust security measures.

The findings suggest that federated multi-modal learning holds significant promise for advancing smart healthcare
systems. Future research should focus on developing more efficient aggregation algorithms, addressing data
heterogeneity, and ensuring the interpretability of models to facilitate their adoption in clinical settings.

KEYWORDS: Federated Learning, Multi-Modal Data, Smart Healthcare, Privacy Preservation, Diagnostic Accuracy,
Personalized Treatment, Wearable Sensors, Medical Imaging, Electronic Health Records, Convolutional Neural
Networks, Recurrent Neural Networks, Attention Mechanisms.

L. INTRODUCTION

The rapid advancement of digital health technologies has led to the generation of vast amounts of diverse healthcare
data. These data sources include electronic health records (EHRs), medical imaging, and data from wearable sensors.
Integrating these heterogeneous data modalities is crucial for developing comprehensive models that can provide
accurate diagnostics and personalized treatment plans.IJRASET

However, traditional centralized machine learning approaches face significant challenges in handling such diverse data.
Centralized systems often require the aggregation of sensitive patient data, raising concerns about privacy and security.
Moreover, the heterogeneity of data across different institutions can lead to biases and reduce the generalizability of
models.arXiv

Federated Learning (FL) offers a solution to these challenges by enabling collaborative model training across
decentralized devices or institutions without the need to share raw data. This approach preserves data privacy and
allows for the utilization of data from multiple sources. When combined with multi-modal data, FL. can enhance the
performance of healthcare models by capturing a more comprehensive set of
features.ResearchGate+3MDPI+3MDPI+3
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Despite its potential, federated multi-modal learning in healthcare presents several challenges. These include dealing
with modality heterogeneity, ensuring efficient communication between devices, and addressing data imbalance.
Additionally, the complexity of aggregating models trained on different data types requires the development of
sophisticated algorithms.

This paper aims to explore the application of federated multi-modal learning in smart healthcare systems, examining
its methodologies, advantages, and challenges. By reviewing existing literature and case studies, we seek to provide
insights into the current state of this field and identify directions for future research.

II. LITERATURE REVIEW

The integration of Federated Learning (FL) with multi-modal data in healthcare has been the subject of various studies.
For instance, a study proposed a federated multi-task learning framework that jointly performs sleep staging and sleep-
disordered breathing severity classification. By integrating a shared CNN—-GRU-attention encoder with task-specific
output heads, the framework learned comprehensive representations from multichannel PSG signals. The model
achieved high accuracy and Cohen’s Kappa scores, demonstrating its effectiveness and generalizability under non-IID
conditions. MDPI

Another study focused on federated learning for multi-modal health data integration, aiming to enhance diagnostic
accuracy while ensuring data privacy. The methodology involved collecting data from EHRs, medical images, and
wearable sensors across multiple institutions. The data was anonymized and de-identified to safeguard patient privacy.
MDPI+31JRASET+3arXiv+3

Additionally, a semantic framework for explainable federated learning in healthcare, named SemFedXAl, was
introduced. This framework combines Semantic Web technologies and federated learning to achieve better
explainability of Al models in healthcare. It integrates medical ontologies into the federated learning process and
provides contextualized explanations of model decisions. MDPI+1

These studies highlight the potential of federated multi-modal learning in addressing the challenges of data privacy,
modality heterogeneity, and the need for comprehensive healthcare models. However, they also underscore the
necessity for further research to develop efficient aggregation algorithms, handle data imbalance, and ensure the
interpretability of models to facilitate their adoption in clinical settings.

III. RESEARCH METHODOLOGY

The research methodology for federated multi-modal learning in smart healthcare systems involves several key

components:

1. Data Collection: Data is collected from multiple institutions, encompassing various modalities such as EHRs,
medical imaging, and wearable sensor data. The data is anonymized and de-identified to ensure patient privacy.

2. Preprocessing: Each data modality undergoes preprocessing to standardize formats, handle missing values, and
normalize features. This step ensures that the data is suitable for model training.

3. Model Training: Local models are trained on each institution's data using federated learning techniques. These
models may employ architectures such as convolutional neural networks (CNNs), recurrent neural networks
(RNNSs), or attention mechanisms to process and integrate diverse data modalities.

4. Model Aggregation: The locally trained models are periodically aggregated to form a global model. This
aggregation process ensures that the global model benefits from the knowledge learned across different data
sources while preserving data privacy.

5. Evaluation: The performance of the global model is evaluated using metrics such as accuracy, precision, recall,
and Fl-score. Cross-validation techniques are employed to assess the model's generalizability across different
datasets.

This methodology enables the development of robust and privacy-preserving models that can leverage multi-modal
healthcare data for improved diagnostics and personalized treatment plans.
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Advantages

Privacy Preservation: Federated learning ensures that sensitive patient data remains within the local institution,
reducing the risk of data breaches.

Data Diversity: Collaborative training across multiple institutions allows models to learn from a diverse set of
data, improving their generalizability.

Scalability: Federated learning frameworks can scale to accommodate the growing volume of healthcare data
generated by IoT devices and electronic health records.

Real-Time Processing: Edge computing integration enables real-time data processing, facilitating timely medical
interventions.

Disadvantages

Heterogeneity: Differences in data distributions across institutions can lead to challenges in model convergence
and performance.

Communication Overhead: Frequent model updates and aggregations can result in significant communication
costs, especially in resource-constrained environments.

Model Complexity: Designing and training multi-modal models that effectively integrate diverse data types can
be computationally intensive.

Regulatory Compliance: Ensuring compliance with healthcare regulations and standards across different
jurisdictions can be complex.
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IV. RESULTS AND DISCUSSION

Studies have demonstrated the efficacy of federated multi-modal learning in various healthcare applications. For
instance, a federated multi-task learning framework achieved high accuracy and Cohen’s Kappa scores in sleep staging
and sleep-disordered breathing severity classification tasks, even under non-IID conditions. Another study proposed a
federated multi-modal learning framework that outperformed traditional methods in computational pathology by
addressing modality heterogeneity. These results underscore the potential of federated multi-modal learning to enhance
diagnostic accuracy and personalized treatment in smart healthcare systems.

V. CONCLUSION

Federated multi-modal learning presents a promising approach to developing smart healthcare systems that are both
effective and privacy-preserving. By leveraging decentralized data and collaborative learning, these systems can
harness the power of diverse healthcare data sources to improve patient outcomes. However, challenges related to data
heterogeneity, communication overhead, and model complexity must be addressed to fully realize the potential of this
approach.

VI. FUTURE WORK

Future research directions include:

e Development of Robust Aggregation Algorithms: To handle data heterogeneity and ensure effective model
convergence.

e Optimization of Communication Protocols: To reduce communication overhead and enhance the efficiency of
federated learning frameworks.

o Integration with Edge Computing: To enable real-time data processing and decision-making in healthcare
applications.

o Ensuring Regulatory Compliance: To navigate the complex landscape of healthcare regulations and standards.
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